Abstract-The effect of transport-related pollution on human health is fast becoming recognized as a major issue in cities worldwide. Cyclists, in particular, face great health risks, as they typically are most exposed to tail-pipe emissions. Four avenues are being explored to combat urban air pollution: 1) policy interventions such as outright bans on polluting vehicles, 2) embracing zero tailpipe emission vehicles, 3) measuring air-quality as a means to better informing citizens of zones of higher pollution, and 4) developing smart mobility devices that seek to minimize the effect of polluting devices on citizens as they transport goods and individuals in our cities. Following this latter direction, in this paper, we present a new way to protect cyclists from the effect of urban pollution. Namely, by exploiting the actuation possibilities afforded by pedelecs or e-bikes (electric bikes), we design a cyberphysical system that mitigates the effect of urban pollution by indirectly controlling the ventilation rates (volume of air inhaled per minute) of cyclists in polluted areas. Results from a real device are presented to illustrate the efficacy of our system.
ventions by regulatory bodies; (ii) building vehicles that do not pollute, such as electric vehicles (EVs) [1] ; (iii) low-cost ubiquitous urban sensing of pollution with a view to informing people of dangerous pollution present in their surroundings; and (iv) using smart devices that adapt to their surroundings to protect humans, such as hybrid actuation in plug-in Hybrid Electric Vehicles (PHEVs). Our present work is most related to this latter thread of research. For example, PHEVs have two modes of operation: a fully electric mode, and a hybrid mode, the latter of which is designed by the manufacturer to maximize fuel efficiency [2] , [3] . Recently, several authors such as [4] [5] [6] have suggested exploring the actuation possibilities in such vehicles, namely to automate the on/off switching of the fully electric mode, to address not only fuel efficiency but also pollution issues in urban areas. These ideas are further explored for a network of vehicles in [7] by formulating a constrained optimization problem. More recently, these ideas have been extended with a particular focus on pedestrians and cyclists [8] , [9] . Finally, it is worth noting that our work is also related to conventional management strategies for PHEVs; see [2] .
Specifically, in this work, our aim is to indirectly control the ventilation rate of a cyclist by judiciously applying electric motor assistance. To do this, we instrument and modify an offthe-shelf electric bike, and design a cyber-physical control system to manage the interaction between the cyclist and the electric motor. We apply our system to mitigate the effects of urban pollution on a cyclist. Finally, we perform a number of tests on real subjects to demonstrate the feasibility of the system.
II. BACKGROUND ON AIR POLLUTION

A. Human Health and Air Pollution
The link between particulate matter (PM) and human health has been the subject of a number of recent studies. PM is a generic term used for a type of pollutant that consists of a complex and varied mix of particles suspended in air. The size of PM particles varies, with PM x defining a category of PM with aerodynamic diameter smaller than x μm. Other definitions for these pollutants include referring to them as ultra-fine, fine or coarse particles, which is again based on particle size. The major components of PM are metals, organic compounds, material of biological origin, ions, reactive gases and the particle carbon core. There is strong evidence to suggest that ultra-fine and fine particles are more harmful to 1524-9050 © 2018 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission.
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human health than larger ones as these particles can travel further into the respiratory tract. Coarse particles deposit mainly in the upper respiratory tract but fine and ultra-fine particles can travel further and reach the lung alveoli [10] . Seaton's 1995 paper [11] published in the Lancet is in agreement with the harmful effects of PM noting that "epidemiological studies have consistently shown an association between particulate air pollution and not only exacerbations of illness in people with respiratory disease but also rises in the number of deaths from cardiovascular and respiratory disease among older people''. It is hypothesized that ultra-fine particle characteristics of air pollution provoke alveolar inflammation, which causes changes in blood coagulability (ability of the blood to clot) and the release of mediators able to provoke attacks of acute respiratory illness. These blood changes result in an increase in the exposed population's susceptibility to acute episodes of cardiovascular disease. Of particular note, a recent study by Chen et al. [12] , also published in the Lancet, found that living near major roads was associated with a higher incidence of dementia. Further work in this direction was recently published in [13] . For further reading, see [14] .
B. Cycling and Air Pollution
Panis's 2010 paper [15] investigated the relationship between the amount of PM that cyclists inhale compared to car passengers. The study was conducted in three different Belgian regions: Brussels, Louvain-la-Neuve and Mol. Subjects in the study first drove by car and then cycled along identical routes in a pairwise design with the aim of comparing lung deposition of particle number concentrations (PNC) and PM between car trips and biking trips. Atmospheric concentrations of PNC and PM measurements were similar for both cycling and car journeys across all three locations. However, breathing frequency, breathing volume and journey time were all greater for cyclists than for cars. The study also made use of the result from [16] which showed that lung deposition fractions increases strongly with exercise. This meant that even though the atmospheric concentrations were similar, quantities of particles inhaled by cyclists were between 400-900% higher compared to car passengers on the same route. The longer duration of the cycling trip also increased the inhaled doses. Recent Bigazzi's studies [17] , [18] aimed to determine (i) biomarkers that could be used to assess a cyclist's uptake of pollutants in urban environment, and (ii) optimal cycling speeds to minimize a cyclist's inhalation of those biomarkers. The work in [17] aimed to determine a way to assess the inhalation of harmful pollutants by cyclists for trips through different kinds of areas. The study identified 26 volatile organic compounds (VOCs) such as CFCs, benzene, styrene and carbon disulfide, and compared the amounts of these compounds that were present in ambient air with the amounts that were present in a cyclist's breath after cycling through a given area. The study identified 8 of these VOCs as being potentially useful breath biomarkers, and found statistically significant increases (compared to background levels) in the concentration of these biomarkers in the breath of cyclists after cycling in high-traffic streets and industrial areas.
III. CONTEXT AWARE E-BIKE
We now discuss the design of our e-bike based-pollution mitigation system. An electric bike is similar to a standard push-bike, with the main difference being that it also has an electric motor that can assist the cyclist in completing journeys. From a control perspective, the electric motor can be used to reject disturbances (wind, hills), and to provide new services to the cyclist.
Our basic objective here is to develop an e-bike system that can provide a variable level of electrical assistance depending on context. 1 In particular, our specific focus is to develop strategies to mitigate the effect of pollution on cyclists (and also to address energy management issues related to topology and wind disturbance rejection). The system that we propose is challenging for a number of reasons. For example, battery charge may be limited. In such situations, predictive algorithms that manage battery depletion to ensure that battery energy is available when most needed (in areas of high pollution), are highly desirable. However, the most challenging aspect of the design is that the interaction between the cyclist and the electric motor is peculiar. Systems arising from the integration and interconnection of continuous processes and procedural/algorithmic processes are known as cyberphysical systems (CPSs) [19] , [20] and are at the forefront of research in several areas including Control Theory and Robotics. In our particular case, this interaction is complex. Sometimes, the interaction may be competitive. A competitive interaction arises when, as a result of reducing the load on the cyclist by providing electrical assistance, the cyclist is encouraged to increase cycling effort, thereby increasing their ventilation rate, and thus defeating the purpose of the intervention. In many situations this is the natural instinct of the cyclist. In other situations, cooperative interactions arise; here, the cyclist cooperates with the increased motor effort to enable a reduction of ventilation rate. It is important to note that the system we propose in this paper cannot be fully studied if these interactions, between the cyclist and the algorithmic procedures running on the e-bike, are not accounted for when the system is designed. Thus, in what follows, our focus is not only on hardware modifications to the purchased e-bike system to enable the system to be tested, but also on the cyberphysical control design itself (that manages the interaction between the electric motor and the cyclist). For completeness, we also discuss methods to determine pollution estimates in cities, and the availability of such estimates (even though this topic is not a focus of the present paper).
A. Hardware Design
The e-bike that we use is a modified BTwin Original 700 purchased from Decathlon (see Figure 1) . The original bike is equipped with a Samsung Li-ion 36V battery and a Bafang controller, but it was modified in our study in several ways. First, to facilitate control design, the original motor controller was replaced by a more advanced controller: a Grinfineon C4820-GR. Second, several measurement sensors were added to the bike; these include sensors to measure: pedal torque and speed (using a THUN X-CELL RT sensor, 2 ) battery voltage, motor current, wheel speed, motor temperature, brake sensor, and hand throttle sensor. These are used to derive information pertaining to state-of-charge of the battery, electrical power input to motor, distance traveled, human power input, and acceleration. Data from sensors are read either by using an Arduino (brake and hand throttle sensors) or using a commercially available computer system-the Cycle Analyst 3 -(all the other sensors), and then communicated to a smartphone app using a bespoke especially designed Arduino-controlled Bluetooth module. The main reason for the data transfer to the smartphone is to exploit the convenience of remotely controlling the motor, and to exploit external data streams through the Internet connection on the smartphone. Control inputs are finally sent to the bike controller using the same Bluetooth based communication system. Full details of the hardware system are given in [21] .
B. Control Design
We now give a brief description of the control design. We first present a simple model of the e-bike power-generation process. We then present a simple control to regulate the fraction of assistance provided by the human. Finally, we present strategies for managing the coexistence of human and the e-bike motor.
1) Basic Modelling:
In what follows, we ignore any dynamics associated with the e-bike's electric motor (hereafter just referred as the motor), and analyze the system based on measurements in a fixed mechanical gear setting (i.e. the model is valid for a single-speed bicycle operating in a fixed gear). Let Y denote the control input to the motor, where I M = μY is the motor current and μ is a proportionality constant. To evaluate the impact of Y on the motor in the cases of having zero and non-zero human power input, some definitions must be introduced. First, the instantaneous input power to the motor, P M in , is defined as where V M is the motor voltage. Second, the instantaneous input power from the human to the bike, P H in , is defined as
where τ p is the torque provided by the cyclist at pedals, and ω p is the angular velocity at pedals. Note that, there are effectively three modes of operation that the bike can operate in (i) fully-electric mode (all power is provided by the motor), (ii) hybrid mode (power is provided by both the human and the motor), and (iii) full-human power mode (no power is provided by the motor). Fully-electric mode is illustrated in Figure 2 (a) where the human-power input P H in is always 0.
With P H in = 0, an increase in the control input Y always leads to an increase in P M in which is observed as an increase in wheel-speed. Figure 2 (b) illustrates the case where P H in > 0. As P H in starts to increase, the motor is required to provide less power to move the wheel of the bike (the load on the motor is reduced) for a given value of the control input Y (as the human is providing this power now instead). As the P H in increases further, the human provides more of the power required to move the wheel until P M in is approximately 0. Since Y is controllable on-the-fly, it will be shown in the next section that updating Y can be used to regulate the proportion of power that is provided by the human and the motor. Note that Figure 2 has been produced based on actual measurement data taken from sensors on the bike.
The power P w required to move the rear wheel can be approximated as
namely, as the sum of the output motor power
where E m is the efficiency of the motor, and the output human power
where E c is the efficiency of the crankset. For practical purposes, we will use the approximation
whereP M out andP H out are the corresponding filtered versions of P M out and P H out to account for biases and uncertainties in the system operation. Details for the aforementioned filters are provided in [21] .
2) Low-Level Tracking Control: A useful quantity for control is the proportion m of power provided by the cyclist to move the rear wheel, this is
Thus, m = 0 only when the system is in full electric mode, and m = 1 only at full human mode. Here, we propose a simple control approach to account for regulating m around a given reference value m * . In what follows, our objective is to use this controller will be used to indirectly control ventilation rate by the reference value m * . Comment: Note that the interaction between the cyclist and the motor must be managed carefully. For example, m = 0 is illegal in some countries. Furthermore, as mentioned, the interaction between the cyclist and motor may be competitive (the natural tendency for a cyclist is to increase effort in the presence of increased assistance), rather than collaborative.
For control purposes, an average value of m is preferred for regulation purposes due to the stochasticity of the cyclist and the variation in cycling speed over short distances. Thus, m is calculated as follows 
where γ > 0 is a proportional gain.
3) High-Level Control-Setpoint Generation:
We have already mentioned that the most challenging aspect of the design is the interaction between the cyclist and the electric motor. The idea is this part of the control design is to manage this interaction so that it feels natural to the cyclist, while at the same time achieves the goal of reducing the ventilation rate of the cyclist. To do this, we explored a number of strategies. For example, one such strategy would be to emulate a consensus strategy. This is given by:
where m * M := 1 − m * is the setpoint for the proportion of the power provided by the motor and α is a control gain that can be tuned to determine the convergence rate of the algorithm. Thus, from (2) we get:
The above discrete-time dynamics is stable if the control gain, α, is positive and smaller than 1, i.e. 0 < α < 1. In particular, in this case, only one equilibrium point for the above dynamics exists and this is equal to 0.5. This means that, independently on the initial conditions, the time evolution of m * (k), governed by (2), converges to the value 0.5. By definition of m * M , this in turn implies that the dynamics (2) drives the system towards 
The above dynamics has equilibrium points at the constant values of a piecewise constant signal o (k). This set-point strategy is clearly quite basic and only accounts for the interaction between the cyclist and the motor in a rudimentary manner. Recall that our objective is to reduce the ventilation rate of a cyclist in areas of elevated pollution. To do this, we judiciously apply electric assistance. However, since this reduces the load on the cyclist, their natural instinct may be to increase cycling effort, thereby possibly increasing his/her ventilation rate. A design that takes into account this interaction in a principled manner is more difficult. Clearly, in such circumstances, one wishes the motor to switch-off, and only become active when the cyclist is cooperating with the motor. Thus, any design must account for situations where the cyclist cooperates with the motor, and other situations when the cyclist competes with the motor. Motivated by the ideas in [22] in which unstable (competing) systems stabilize each other, an alternative is strategy given bẏ
which is the normal form of a pitchfork bifurcation [23] and where the function f (·) is designed so that f (0) = 0 and Figure 3 . The idea of using the dynamics (3) to regulate the interaction between the cyclist and the controller comes from the fact that if P H out = 0, then P M out converges to 0, independently on the initial conditions. On the other hand, if P H out > 0, a bifurcation is experienced and hence P M out converges to f (P H out ) > 0, independently on the initial conditions. Note that in (3) the dynamics of P M out depend on P H out , and that the dynamics of P H out directly depend on the behavior of the cyclist, and the manner in which the cyclist interacts with the electric motor. As can be seen, the function f () is chosen so that the motor assists when P H out is below some threshold, and gradually switched off otherwise. Here, the assumption is that when the cyclist competes with the motor then P H out is above some value that depends on an external variable such as route choice, pollution levels, etc. Thus, f (·) is chosen so that the motor assists when the cyclist cooperates with the control strategy, and switches off in a gradual manner otherwise (when the cyclist and e-bike compete).
C. Charge-Limited Operation
The operation of the pollution mitigation system depends on battery power being available to alleviate the load on the cyclist. In situations where battery power is limited (long journeys, battery not fully charged), a battery management system is necessary to prioritise battery availability in areas where pollution is likely. At IBM Research -Ireland and University College Dublin we have constructed several such systems [8] , [24] , [25] for mobility applications. Roughly speaking, these systems provide high-level instruction to the low-level control (see Figure 4) , and are organised as follows.
• Historical data from the cyclist is used to model both the intent of the cyclist and likely energy consumption along predicted routes. This route prediction module is also used to parse information available for decision support.
• Viewing the battery state-of-charge as a limited resource, an energy management module is then used to optimally calculate the allowed energy consumption along the expected route to maximize some utility and/or to recommend routes.
• Finally, the control module manages the interaction between the cyclist and the electric motor. The control module has been described in the previous section. We now briefly give an overview of each of the above first two modules.
1) Route Parsing Engine:
The goal of this module is that of predicting the likely route that the cyclist is going to take. The algorithm presented in this Section is a basic version of a set of route prediction algorithms that recently appeared in the context of connected vehicles in [8] , [24] , and [25] . Essentially, this module takes as input the past trips of the cyclist (i.e. the past routes and destinations) and, based on these, it outputs the most likely (in a probabilistic sense) route that the cyclist is going to take. The past trips of the cyclist form a historical profile and this is stored by the algorithm, potentially via a cloud technology as in [25] . The history is not static but rather, it is updated every time a trip is completed by the cyclist. In this context, a trip is defined as a sequence of road segments. We denote the k-th road segment by r k . Assume now that the cyclist is traveling along the road segment r j . Given the past history of the cyclist, the road segment r j will belong to a number of different routes, say R j 1 , . . . , R j k . We also denote by N j t the total number of times that route R j t was taken in the past, when the bike was on segment r j . Based on these data, a probability, say p(R j t ) is computed for each of these routes as follows:
Then, the route predicted by the algorithm is the one that corresponds to the highest p(R j t ). We also note that the probability p i s of taking segment r s in the future can also be simply computed as the sum of the probabilities of all routes that contain that road segment. The probability p i s is given as an input to the optimization module described in the next Section. A detailed discussion of route parsing engines and route prediction is given in [24] and [25] . Intuitively, the algorithm presented in this section estimates the probability for the cyclist to take a given route and the most likely route computed by the algorithm is the one with the highest probability. In order to build the probabilities associated to each route, the algorithm makes use of the past trips taken by the cyclist. As noted in [26] , humans are often predictable when they travel: this study suggests a 93% of predictability for human mobility. Our algorithm can build probabilities only for the routes that have already been visited in the past by the cyclist. If, for any reason, a new route is taken, then such a route cannot be predicted. In this case, at the end of the trip, the historical data of the cyclist are updated in order to include the new route. In this way, the next time the cyclist will take that route, its probability will be estimated and, based on this, a prediction will be made.
Comment: Note that the goal of the route estimation is not to give guidance to the cyclist. Rather, the most likely route estimated by the algorithm is an input to the energy budget management optimization algorithm described below. Essentially, the optimization algorithm takes this input and computes the optimal allocation of the battery energy along each segment of the journey.
D. Energy Budget Management
The goal of the optimization strategy is to manage the maximum allowable battery useage along each segment by incorporating future routes that the cyclist is likely going to take. We do this to ensure that the bike is able to provide assistance along segments where elevated pollution levels are likely. We now formalize the respective optimization problem: 
which has the goal of managing in an optimal way the usage of the available electric battery energy (as in [8] ). We denote by: (i) S the set of all road segments from the historical routes taken in the past by the cyclist; (ii) e s the expected battery consumption along the s'th segment of S; (iii) d i s the expected pollution level along segment s; (iv) E i av an available energy budget when the bike is located at the i -th segment; (v) x i s ∈ [0, 1] the set of decision variables that we wish to optimally compute. Note that the e s estimates can be based on historical values from previous cyclist behaviour (or set to some default values if the route has not been previously traversed by the cyclist), or derived from a physical model of the energy consumption along a given route. In particular, x i s is the percentage of power that the e-bike provides to the cyclist on each segment r s ∈ S. The superscript i indicates that an optimal prediction is performed when the bike is traveling on the road segment r i , and a new prediction will be performed when the bike enters a new road segment, when a new (possibly more accurate) prediction of the route will be performed. Roughly speaking, as we have already mentioned, the Optimization Problem (5) aims at ensuring electrical energy is available in areas corresponding to high pollution levels. This optimization incorporates uncertainty of the route, by giving more importance to the most likely routes. We also remark that the optimization problem is solved iteratively every time the bike enters a new road segment. A more detailed discussion of such an optimization is given in [8] .
E. Comments on Pollution Estimation
To conclude this section we make some comments on estimation and availability of urban air-quality measurements (upon which our system depends). Note that the availability of estimates of pollution levels is assumed, and techniques for obtaining such estimates is beyond the scope of this paper. However, it is nevertheless worth mentioning the spectrum of estimation methods that are currently available to municipalities and to e-bike designers [27] , and while the assessment of air pollution at street level in urban environments is not a trivial task, it can be performed with using range of approaches which differ in computational time, data requirements and applicability requirements. In the specific context of the ebike system, pollution data may be obtained using different approaches, the most common of which are the following.
(i) Ubiquitous low-cost sensing: The range of low-cost sensors in applications related to managing air pollution in cities and the decrease of costs for these units make them an ideal tool for the proposed application [28] . This approach may allow to estimate the exposure of the cyclist in real time and it may be integrated in the bike's control system. A similar approach to this was used to monitor cyclists' exposure was used in Denmark as part of the Copenhagen Wheel trial. 4 (ii) Institutional monitoring stations: Institutional air pollution monitoring stations may also be used to generate heat maps with interpolation algorithms or as part of land-useregression models. These models are easy to implement but are not accurate in urban environments as they do not capture the contribution of local sources (e.g. traffic) and the effect of dispersion of urban landscape [29] . A similar approach to model air pollution levels and assess cyclists' exposure was used in Montreal, Canada as part of the Clean Ride Mapper project. 5 (iii) Hybrid models: There is a wide range of scientific publications on hybrid models integrating fast modelling techniques such as Gaussian models and semi empirical models with machine learning approaches. This approach involves the assessment of the total air pollution at street level by adding the contributions from different sources, each of them calculated using a different approach. This approach may allow for semi-real-time applications and it may be suitable to the framework proposed in this paper if some pollution contributions are pre-calculated [30] . This approach was used to model cyclists' exposure while commuting in Dublin as part of the PALM-GIS project. 6 (iv) Using other data as a proxy for main sources:
Other data-streams may also be used as a proxy for air pollution levels. For example, traffic flow and composition data has already been used in literature as a proxy for emissions, while noise levels monitored with either low cost sensors or institutional monitoring stations have been used as a proxy for air pollution levels [31] . This approach was used in several European cities to model cyclists' exposure as part of the PASTA project. 7 Finally, low-cost sensors can also be mounted on the e-bike as part of the systems (although this is not part of our current implementation).
IV. RESULTS AND MEASUREMENTS
We now present results from 18 test subjects to experimentally demonstrate the feasibility of our system. Before proceeding, the authors wish to emphasise that the results presented here aim to convince the reader to a proof-of-concept level, that the proposed system can be used to reduce the inhalation of air pollutants by cyclists in areas of high urban air pollution. No claim is being made about their statistical significance; this will be the subject of a more detailed followon study involving not only statisticians and larger cycling populations, but also practitioners with both medical and physiological competencies. Note also that we are verifying, empirically, the efficacy of the control system with respect to the indirect control of ventilation rate. We are not verifying the other aspects of the algorithmic system architecture (route prediction and optimization). This latter validation, as well as large population studies and more refined control strategies, will also be presented elsewhere.
More specifically, the objectives of this section are to: (i) illustrate the efficacy of the low-level control algorithm outlined in Section III-B. . The experiments to follow use the value of m * to indicate simulated air pollution levels. The basic premise is that in areas of high urban air pollution, the control algorithm regulates m * to a low value (human provides less power), and in areas of low urban air pollution, m * is regulated to a high value (human provides more power).
Some new definitions are now introduced that will facilitate discussion in the sequel, as well as a description of the measurement apparatus that was used in our experiments. A test subject's fitness level is defined to be low, moderate or high. Specifically, each participant was asked to complete a survey where they were asked: "how often do you cycle 5km?" and "how often do you do at least 30 minutes of physical exercise?". In particular: High fitness level -subjects that cycle 5km more than 5 times per week or subjects that cycle 5km 2-5 times per week and participate in other physical activity for 30 minutes at least 2-5 times per week; Medium fitness level -subjects that cycle 5km 2-5 times per week only or subjects that participate in other physical activity for 30 minutes at least 2-5 times per week; and Low fitness level -subjects that cycle 5km less than 2 times per week or subjects that participate in other physical activity for 30 minutes less than 2 times per week.
A. Nomenclature
B. Measurement Equipment
Ventilation rates were measured using a COSMED Spiropalm 6MWT. The device consists of a turbine flowmeter connected to a silicone face mask with head cap. The device is portable and meets ATS/ERS standards for spirometry (2005) and 6MWT (2002) testing. For the laboratory experiments, the back wheel of the e-bike was mounted in a commercially available test stand (Turbo Trainer c ) which simulated the resistive force profile of a flat road. All of the test results were carried out with single speed ratio between pedal and wheels; that is, using a single gear setting.
C. Lab Experiment 1: Demonstrating the Operation of the Low-Level Control Algorithm
The purpose of this section is to demonstrate the operation of the low-level control algorithm presented in section III-B.2. Figure 5 shows the results of an experiment where a cyclist was instructed to maintain a constant speed of 20km/hr while m * was varied. The low-level control algorithm maintained m * = 0.9 for the first 3 minutes of the experiment, m * was then reduced to 0.3 over a period of 2 minutes, maintained at m * = 0.3 for the next 2 minutes, increased back to m * = 0.9 for the next 2 minutes and then finally maintained at m * = 0.9 for the final 2 minutes of the experiment. Figure 5 shows that the low-level control algorithm clearly regulates the actually observed value of m (red dots) to m * (blue line). Figure 6 shows the ventilation rate of a single test subject during an experiment where m * was maintained at different values while the cyclist maintained their speed at a constant 20km/hr. The purpose of this experiment was to approximate Table I .
D. Lab Experiment 2: Measuring Cyclist Rise Time at Different Levels of m *
E. Lab Experiment 3: Measuring Cyclist Normalized Ventilation Rates at Different Levels of m *
The purpose of this experiment was to understand what the expected increase in a cyclist's ventilation rate is while regulating m * to different levels. Three cyclists participated in five six-minute long experiments each. Information relating to the 3 test subjects is given in Table II . During each experiment, the subject maintained the cycling speed to 15km/hr while the low-level control algorithm maintained m * to a specific value. The first 3-minutes of data was to allow the test subjects to reach metabolic steady state. The ventilation rate data for the final 3 minutes of each experiment was used to determine the cyclist's ventilation rate at metabolic steady state for a particular value of m * . This data was then used to calculate the normalized ventilation rate at metabolic steady state. This data is presented in Figure 7 . This can be interpreted as being the normalized expected increased in a cyclist's ventilation rate for a given value of m * while cycling at metabolic steady state. While the instantaneous measurements show considerable variability, and there is variation from subject to subject, the normalized measurements clearly illustrate a consistent qualitative relationship between m * and the ventilation rate (ventilation rate increases with m * ).
F. Lab Experiment 4: Measuring Cyclist Recovery Times
The objective of this experiment was to approximate cyclist recovery times in a group of 5 test subjects. The experiment involved changing m * as a step change from m * = 1 to m * = 0) to estimate cyclist recovery time going from fullyhuman powered mode to fully-electric mode. The experiment involved providing zero electric assistance to each test subject for the first 4 minutes of the experiment (approximating that their ventilation rate had reached metabolic steady state at this point) and then providing full electric assistance to the cyclists for the final 2 minutes of the experiment. During the fully-human powered part of the experiment the cyclist maintained the cycling speed constant at 15km/hr. Some basic demographic information regarding the 5 test subjects is given in Table III . From Figure 8 it can be seen that the recovery time for all five of the test subjects is 2 minutes or less after the step change from m * = 1 to m * = 0 at the 4-minute mark. This result is consistent across the subjects.
G. Lab Experiment 5: Controlling the Ventilation Rate of Cyclists Using the Low-Level Control Algorithm at Different Cycling Speeds
This experiment builds on the results presented in Sections IV-D, IV-E and IV-F. In this experiment, two test subjects were asked to cycle at different cycling speeds while m * was varied. Some demographic information on the two test is given in Table IV . Each subject cycled at two different speeds (15km/hr and 20km/hr). m * was changed as a step function from m * = 0.9 to m * = 0.3 after 4 minutes. As expected, each cyclist's ventilation rate rises to a higher maximum ventilation rate at the higher speed (20km/hr) than at the lower speed (15km/hr). This seems to indicate that, a higher % reduction in ventilation rate can be achieved at higher cycling speeds than at lower cycling speeds. Table V shows a quantitative estimation of the reduction in ventilation rate that is achieved for each of the test subjects.
To give a simple example to illustrate the impact of this, if Subject 10 cycled through Central London at 20km/hr on 24th January 2017 when the PM 2.5 levels was 197μg/m 3 , a level rated as "very unhealthy" for the general population, a 50.4% decrease in their ventilation rate would reduce the amount of PM 2.5 that they inhaled by half (assuming P M 2.5 is uniformly distributed throughout the cycling route). In such circumstances, the intervention would be clearly significant from a health perspective. 
H. Lab Experiment 6: Controlling the Ventilation Rate of a fit Population of Cyclists Using the Low-Level Control Algorithm
A reasonable expectation is that the fitter a cyclist is, the less likely they are to benefit from adjustments to m * . This is because they already have a high-fitness level and therefore are less likely to be exerted by physical exercise. The results from Lab Experiments 4 and 5 seem to support this conjecture. With this in mind, we conducted an experiment that specifically targeted a group of fit-individuals; the motivation being to show that if the system can deliver a benefit to this target group, then benefits would also be delivered to less-fit groups of cyclists. In the experiment to follow, a group of 6 cyclists, with high fitness levels (see Table VI ) cycled at a fixed speed of 20km/hr for 12 minutes while m * was varied. For the first 3 minutes of the experiment, the low-level control algorithm regulated m * at 0.9 and then gradually decreased m * to 0.3 over a 2 minute period, it was then maintained at m * = 0.3 for a period of 4 minutes and then increased again to m * = 0.9 over a period of 2 minutes and finally maintained at m * = 0.9 for the final 1 minute of the experiment.
The recorded ventilation rates of the 6 test subjects are shown in Figure 10 . As can be clearly seen, the ventilation rates of all 6 test subjects approximately follow changes in the reference tracking signal m * .
The same data from Figure 10 is presented in a different way in Figure 11 . The mean ventilation rate across the 6 test subjects is shown as the orange line. Error bars are used to indicate the instantaneous maximum and minimum ventilation rate by any one test subject during the experiment. Some quantitative estimation of the reduction in ventilation rate that is achieved is given in Table VII. These results suggest that the proposed system can deliver a benefit to these highly fit test subjects in terms of achieving a substantial reduction in ventilation rate, indicating that the system may also deliver a benefit to a population of less-fit individuals. 
I. Road Experiment 1: Controlling the Ventilation Rate of a Cyclist Using the Low-Level Control Algorithm in an Outdoor Environment
An experiment was conducted that involved one test subject maintaining a constant speed of 20km/hr while cycling around the university campus. The test subject completed two laps (4km) of the route shown in Figure 12 . The route was selected since the university campus is quite flat (at the most extreme point in the route the elevation angle is approximately 3 • ). During the experiment, m * was regulated at 0.9 for the first 2 minutes of the experiment, gradually reduced to m * = 0.3 over a period of 2 minutes, maintained at m * = 0.3 for 4 minutes, increased back to m * = 0.9 over the next 2 minutes and lastly maintained at m * = 0.9 for the final 2 minutes of the experiment.
Note that since this was not a laboratory environment, a number of other factors have the potential to influence the results here. Primarily, it was more difficult for the cyclist to regulate their speed to 20km/hr due to factors like: slight changes in terrain, slight changes in road elevation angle, avoiding cars and other traffic, pedestrian crossing areas, wind etc. Figure 13 shows that, as in the laboratory experiments, the ventilation rate of the cyclist can be controlled using the low-level tracking of m * control algorithm. A quantitative estimation of the reduction in ventilation rate is given in Table VIII . A 50.5% reduction in ventilation rate is achieved here.
V. DEMONSTRATION OF THE SYSTEM
A YouTube video has been prepared which gives a visual demonstration of the working system. It can be accessed by going to the following link: https://youtu.be/265u9KO-9QE.
VI. CONCLUSIONS
In this paper, we used the actuation capabilities of e-bikes to provide electrical assistance to indirectly control the ventilation rate of a cyclist. Our key idea is that this indirect control can be used to reduce the air intake of cyclists in polluted areas. In order to implement our system, after having instrumented and modified an off-the-shelf electric bike, we designed a cyber-physical control system to manage the interaction of the cyclist and electric motor of the bike. A proof-of-concept implementation was validated via both lab experiments and road experiments. In both cases, the tests showed that the air ventilation rate of the cyclist can indeed be indirectly controlled via our system. While this paper shows that e-bikes can effectively be exploited to mitigate the effects of pollution on cyclists, it also opens a number of research questions that deserve to be explored in more detail. In particular, future work will include: (i) validating our approach onto a larger population to verify the scalability of our solution; (ii) further optimizing the use of the electric motor of the e-bike; and (iii) developing novel algorithms for the interaction between the cyclist and the control system.
